INTRODUCTION
It is clear that texture plays an important role in both human perception and machine vision tasks and, at the global scale of perception, may be regarded as a carrier of region information, Bovik et al. 1 . However, since real-world surface textures are very di cult to model mathematically, no exact de nition exists. Therefore, ad-hoc approaches to the analysis of textures have been used, including; local geometric primitives, Julesz 18; local statistical features, Conners and Harlow 5; random eld models, Geman and Geman 14, Cross and Jain 6 and fractals, Pentland 23. While the above approaches may w ork in speci c circumstances, a more general theory, based on the human visual system has emerged. It was hypothesised that general visual system performance could be accounted for by a n umb e r o f c hannels tuned to di erent spatial frequencies in the early stages of the human visual system, Campbell and Robson 3. This led to a number of attempts to use both the frequency and spatial domains of an image. A number of representations exist which adopt a compromise between resolution in the spatial and frequency domains. These include radially symmetric di erence of Gaussians and directionally tuned di erence of o set Gaussians, Malik and Perona 21, as well as the use of Cartesian and polar separable lters, prolate spheroidal functions, Wilson and Spann 27 and wavelets, Chang and Kuo 4.
Classically images are viewed as a collection of pixels in the spatial domain, or as the sum of sinusoids of in nite extent in the frequency domain. However, these are just two extremes of a continuum of possible representations as noted by Gabor in the context of 1-D signals for communication systems 12. His theory was later extended to 2-D by Daugman 7, 8 who showed that 2-D Gabor lters are conjointly optimal in providing the maximum possible resolution for information in both the spatial and frequency domains. The lters are also a good approximation to the receptive eld pro les of simple cells in the striate cortex, Marcelja 22 . The lters are Gaussian in nature, having a centre frequency, an orientation and two spatial extent parameters. By varying these parameters a lter may be made to pass any elliptical region of the complex frequency domain 1. By choosing a set of such lters, the frequency domain may be uniformly sampled. The amount o f o verlap between lters in the set is designed to be as small as possible so that the decomposition is nearly orthogonal. In the spatial domain, any lter takes the form of a sinusoidally modulated Gaussian pro le, rotated at a particular orientation.
Gabor lters have been applied to many tasks including image compression and reconstruction, e.g. Daugman 9 , texture discrimination, Turner 24 and measuring optical ow i.e. sampling 3-D spatio temporal space, Heeger 16 . Engineering solutions to complex problems have been obtained via Gabor lters, for instance the identi cation of people from their iris, Daugman 10 . The most popular application of Gabor lters, however, has been that of texture segmentation, a di cult process since it involves simultaneous measurement in both spatial and frequency domains. Filters with small bandwidths in frequency domain are more desirable because they allow ner distinctions amongst di erent textures. However, accurate localisation of texture boundaries requires lters that are localised in the spatial domain. Since the size of Gaussians are inversely proportional in the spatial and frequency domains, a compromise is required. This compromise is best satis ed by the use of Gabor lters.
Sampling of the frequency domain is generally achieved via a bank of lters. A rosette daisypetal" con guration is an pre-de ned tessellation of the frequency plane, consisting of overlapping lters whose centre frequencies lie on concentric circles, logarithmically spaced, centred at the origin. This approach can lead to disadvantages since a large number of ltered images are involved and a largedimensional feature space needs to be processed. Early e orts focussed on a few textures typically 2 or a small number of lters 2.
Earlier Gabor lter-based texture segmentation methods employed either a lter-bank consisting of a large set of lters selected in an ad-hoc manner with pre-determined parameters 17,11, or a lter-design approach, where a small set of Gabor lters were speci cally designed for a particular problem, Weldon and Higgins 26. There have b e e n a n umberof attempts to optimise the number of channels used, although evidence suggests that segmentation error increases as the number of lters decrease, particularly near texture boundaries. The most common approach to lter set selection is that of peak localisation in which local peaks in the frequency domain are found and lters centred around these are chosen, e.g. 16,1 and Geisler and Hamilton 13.
A variant on this is the greedy optimisation algorithm which takes the lter which is best able to perform the task in-hand , to which is then added the lter which, when used in conjunction with the rst, is better still. This process is repeated creating a subset of lters without the need for an exhaustive search as shown by Jain and Farrokhnia 17.
Recently, more complex statistics than simply taking local maxima have been used, including the selection of individual lters using Ricean statistics, Weldon 25. Another possibility is that of using a priori knowledge of the texture elements textons" as a guide to lter selection, Dunn et al. 11.
In this paper we will show h o w a genetic algorithm may be employed for lter set design. A small number of Gabor lters will be derived which are capable of successfully solving texture classi cation problems.
FILTER SET DESIGN
A Gabor lter samples the frequency space of an image providing information about oriented, band-pass, localised textures. Each Gabor lter has a Gaussian pro le in the frequency domain of an image. The Gaussian has a centre frequency, u; v, two spatial extent parameters x ; y and the lter is rotated through an angle of degrees about the origin. In the spatial domain the lter is a Gaussian modulated sine wave grating. The spatial extent parameters of the Gaussian are inversely proportional to x and y and the sine wave grating has a frequency p u 2 + v 2 and orientation . These ve parameters uniquely determine the lter and are shown in Figure 1 .
Typically, a large bank of lters is employed for texture analysis tasks. Since every lter generally involves a two-dimensional inverse Fourier transform, this can be very computationally expensive. The lter banks are chosen with the opposing constraints that as much o f t h e frequency space be sampled as possible, but that lters have a minimum of overlap and thus form a near-orthogonal basis set. However, for classi cation purposes, it is often not necessary to sample the whole frequency space.
The search for the subset of lters is here achieved using a genetic algorithm. The n lters to be found are encoded as ve bytes each, creating a 5n byte chromosome. Each b yte encodes one of the lters parameters u; v; x ; y ; . A large pool of such c hromosomes is created randomly, each c hromosome representing a di erent subset of lters. These chromosomes are evolved in the normal manner, using crossover and mutation operators as described by Goldberg 15. Each gene has a particular cost associated with it, that is, how well the lters encoded perform when used for a texture classi cation task. This is the most computationally expensive part of the entire training process since it involves creating each Gabor lter, computing the inverse Fourier transform for each one, obtaining the response of each lter for every required pixel, training a classi er using this information and then measuring the classi cation accuracy achieved.
Initially it was our intention to train a multi-layer perceptron for the classi cation task however, since during the optimisation of the lter set many thousands of such sets need to be analysed, this proved too computationally expensive. Therefore, the particular classi er used here is learning vector quantisation LVQ proposed by Kohonen 19 . It approximates the training set by a representative set of codebook vectors. This is an extremely fast classi er to train whilst still giving satisfactory levels of performance.
A test set may n o w be used to examine the classi er performance. As expected, di erent set of lters as parameterised by the genes, give varying levels of classi cation accuracy.
RESULTS
In this section we show the result of using the genetic optimisation technique in practice. In all cases images of 768512 pixels are used and the total number of chromosomes in the genetic pool at a time is 150. The optimisation is carried out over 200 cycles. In the classi cation step information concerning 2000 randomly chosen pixels is used for training and 1000 pixels for testing. In the classi cation stage, fty codebook vectors are created to approximate the data. A Gaussian post-ltering operation is performed on the ltered images.
In the rst experiment, a montage of images from the Brodatz texture album 2 are used. The image consists of six patches and is shown in Figure 2 . Each of these patches is assigned an individual label, also shown in Figure 2 . The Brodatz textures used are : beans, burlap, reptile, ice, marble and paper. Figure 3 shows the lters obtained after performing an optimisation on the Brodatz classi cation problem using only two Gabor lters. The 1=e boundaries of the lters are superimposed in the frequency domain. The labelling performance using these lters is 69:3, as shown in Figure 4 . The labels obtained are very impressive, especially given the complexity of the image. When four lters are used the labelling accuracy increases to 83:4, as shown in Figures 5 and 6 . Notice that the boundaries between regions are much more clearly de ned when using four lters rather than two. The marble texture is the most di cult to classify since it is not periodic in nature.
An outdoor scene is shown in Figure 7 . This is taken from the Bristol Image Database and, as described by Mackeown 20 , contains a human-derived labelling of objects in the image. In the example presented here, our technique has been used to specify three Gabor lters so that the classi cation accuracy of our classi er is optimised. In this example, the classi cation task is to separate`Vegetation' and non-vegetation objects. Other objects present include cars, road, houses and pavements. The accuracy of our technique leads to 93:9 of the pixels being successfully identi ed. This is an impressive results since the`Vegetation' label in this image encompasses many sub-classes such as trees, bushes and grass. CONCLUSIONS This paper has described a technique for lter selection. The o -line genetic algorithm search ensures that, for practical applications involving texture processing, only a small number of lters need to be convolved with the image rather than an entire lter bank, hence reducing computation time. The reduced number of lters also decreases the complexity of the task required of the classi er. Many segmentation, classi cation and analysis techniques involving Gabor lters will bene t from this approach. The method of tuning a lter set by o -line training is easily extendible to most approaches for texture analysis. 
